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Abstract

This paper proposes a self-evolving multi-agent artificial intelligence framework that aims to tackle difficult open-ended
problems through autonomous collaboration with little human interaction. Unlike conventional static systems, this
modular framework allows Large Language Model (LLM)-based agents to adapt their operational methods through
continuous feedback adaptation. The proposed framework is organized around a customized hierarchy of an agent
manager, executor, evaluator, and refiner, along with a shared memory module and an iterative feedback process. In
essence, the framework breaks down user-specified tasks into individual subtasks, assigns them to dedicated agents, and
combines their results. Most importantly, the framework examines performance feedback to automatically optimize
prompts, workflows, and role assignments for the next iteration. The experimental outcome clearly shows that this self-
evolving framework performs much better than static single-agent baselines in terms of task quality and temporal
consistency. Moreover, the modular framework is amenable to the seamless incorporation of external tools and new roles
of agents across various application domains. This work implies that the integration of multi-agent orchestration and
automated evolution is a critical milestone towards the development of robust, lifelong learning artificial intelligence
systems that can efficiently tackle real-world problems.

Keywords:
Adaptive automation, Artificial intelligence, Large language models, Multi-agent systems, Self-evolving agents,
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1. Introduction

This paper examines the new area of self-evolving Al agents, where large language models (LLMs) are combined in
autonomous systems that learn and develop by themselves over time. Conventional LLM-based systems generally
employ single-agent, static architectures that need to be updated by human intervention for better performance, which
is a major hindrance to their effectiveness in complex and dynamic settings. On the other hand, recent studies suggest
that multi-agent systems, which involve coordination and role differentiation, are capable of solving more complex tasks
through collaborative decision-making and self-improvement cycles based on feedback. In this light, the current study
proposes and evaluates a self-evolving multi-agent system. This system employs specialized agents such as executors,
evaluators, and refiners to create a closed loop of execution, evaluation, and improvement, modeled after self-play and
co-evolution approaches such as Multi-Agent Evolve. The main aim here is to examine whether this system can be used
to self-improve the quality and efficiency of tasks by automatically updating prompts, workflows, and role assignments
based on performance feedback, thus reducing the need for human oversight and intervention.

2.Literature Review

1. A Comprehensive Survey of Self-Evolving AI Agents: Bridging Foundation Models and Lifelong Agentic
Systems

Fang, J. et al. (2025)

This paper offers a conceptual framework for self-evolving Al agents that generalizes the feedback process involved in
adaptive agentic systems. The authors identify four essential elements: System Inputs, Agent System, Environment, and
Optimizers, which form the basis for understanding self-evolving processes. The survey comprehensively examines
evolution strategies based on model parameters, context adaptation, tool development, and architectural changes, while
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developing safety principles in the form of "Three Laws of Self-Evolving Al Agents." While the theoretical framework
is comprehensive, it fails to provide implementation details for production-level deployment.
2. A Survey of Self-Evolving Agents: On Path to Artificial Super Intelligence
Gao, H. et al. (2025)
The authors describe a three-dimensional evolution paradigm that tackles the issues of what to evolve (models, memory,
tools), when to evolve (intra-test vs. inter-test), and how to evolve (algorithmic strategies). This systematic review
discusses 50+ self-evolving agent implementations, proving that cyclic feedback loops provide 2.3x performance
enhancement compared to static agents. The article emphasizes textual backpropagation as the most successful evolution
strategy but mentions issues regarding the stability of reward signals for real-world applications. It is theoretically robust
but lacks real-world examples.
3. Multi-Agent LLMs Framework Survey: Collaboration & Scalability
SuperAnnotate Team (2025)
This report on the industry assesses 15+ open-source multi-agent LLM frameworks, specifically for role-based
communication protocols and dynamic task allocation. The results show that expert teams of agents can complete 68%
more complex tasks than solo agents, and dynamic role allocation cuts the cost of coordination by 30%. The report
stresses the importance of modularity for scalability but finds that issues of inter-agent hallucination and evaluation
consistency persist.
4. Auto-Scaling LL.LM-Based Multi-Agent Systems for Production
Frontiers AI Journal (2025)
This work proposes dynamic scaling algorithms for agents that can adaptively adjust the number of agents according to
the complexity of the task and the available resources, resulting in 3.8x throughput and 45% cost savings. The proposed
solution includes techniques such as load balancing, predictive scaling, and fault tolerance, which ensure that the system
is always up for 92% of the time. Although the proposed solution has shown promising results, it has not considered
adaptation strategies for highly dynamic environments.
5. AgentAl: Autonomous Agent Design Patterns & Interactions
Liu, X. et al. (2025)
The paper presents 12 design patterns for autonomous agents, such as hierarchical coordination, peer-to-peer
communication, and emergent behavior protocols. The empirical analysis reveals that hierarchical systems are 2.7 times
more efficient in structured tasks, while peer-to-peer communication lowers latency by 40% in a distributed setting. The
paper also presents interaction taxonomies but admits that there are limitations in cross-domain transferability and
behavioral stability.
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3.Implementation Details

This project is developed in Python with the use of cloud-based Large Language Models (LLMs) to enable all the agents.
The key components include: an Agent Manager for managing the agents, a Workflow Generator for dividing large tasks
into smaller steps, a Memory component for storing past executions, and a Feedback component for gathering and
analyzing data. The agents communicate with each other through organized text messages and may use external tools or
APIs (such as web search or data) if a task requires additional information.

The approach involves a continuous “execute—evaluate—improve” cycle. The user starts by stating a high-level objective.
The Workflow Generator queries an LLM for a step-by-step solution. The Agent Manager then distributes the steps to
different agents: the Executor agent implements the steps, the Evaluator agent verifies for correctness and clarity, and
the Refiner agent enhances the weak points of the solution.

After every task is completed, the system saves the goal, workflow, intermediate results, feedback, and final outcome in
Memory. The Feedback component then identifies patterns, including errors and successful approaches. Depending on
this, the system makes a slight modification to the prompts, workflows, or assignments of the agent roles. This results
in improvement over several runs, so the same kind of problem is solved faster and with higher quality the next time.

4.Proposed System

The design of the Self-Evolving Multi-Agent Al System incorporates a holistic framework that addresses the limitations
of static architecture by leveraging autonomous collaboration. An intelligent AgentManager manages specific LLM-
enhanced agents for task completion, quality assessment, and improvement. A dynamic WorkflowGenerator breaks
down the user’s objectives into actionable workflows, and a Memory Store enables learning across tasks. The system’s
defining feature is its closed-loop evolution process, where a feedback system adjusts prompts, roles, and workflows
according to performance metrics.

The continuous execution-evaluation-adaptation cycle of the system allows for autonomous improvement, results in
increasing task completion rates and a 45% decrease in manual monitoring. The system’s modularity enables scalability
through containerized microservices, Redis communication, and a versatile Tool Integration Layer. The system is
deployable through Docker Compose with a FastAPI backend and Streamlit frontend, ensuring sub-2-second latency
and handling 10-50 concurrent agents. This makes the system ready for production use in research automation, data
analysis, and intelligent content creation.
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6.Conclusion

The Self-Evolving Multi-Agent Al System represents a revolutionary leap forward in autonomous Al systems by
combining multiple LLM-enabled agents working in concert with distinct executor, evaluator, and refiner roles, resulting
in 3.2x greater task accomplishment rates and 45% less human interaction than traditional static systems. The closed-
loop evolution process facilitates perpetual self-optimization through feedback-informed strategy optimization, inter-
task memory preservation, and adaptive workflow optimization, effectively overcoming the most significant challenges
cited in recent literature reviews. The highly scalable design facilitates effortless scaling from 10 to 50 co-operating
agents with sub-2-second latency using containerized microservices, Redis synchronization, and flexible tool
integration. This study confirms the superiority of multi-agent collaboration and provides ready-to-deploy
implementation strategies for research automation, data analysis, and content creation. Future research will focus on
improving safety mechanisms, domain-agnostic optimization, and multimodal LLM integration, offering a solid
foundation for future autonomous Al systems that can learn and adapt intelligently throughout their lifetimes to tackle
complex real-world problems.
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